Abstract: In this paper, a simple and flexible method for increasing the lifetime of fixed or mobile wireless sensor networks is proposed. Based on past residual energy information reported by the sensor nodes, the sink node or another central node dynamically optimizes the communication activity levels of the sensor nodes to save energy without sacrificing the data throughput. The activity levels are defined to represent portions of time or time-frequency slots in a frame, during which the sensor nodes are scheduled to communicate with the sink node to report sensory measurements. Besides node mobility, it is considered that sensors' batteries may be recharged via a wireless power transmission or equivalent energy harvesting scheme, bringing to the optimization problem an even more dynamic character. We report large increased lifetimes over the non-optimized network and comparable or even larger lifetime improvements with respect to an idealized greedy algorithm that uses both the real-time channel state and the residual energy information.
Introduction
The presence of mobile sink nodes, mobile sensors or both in a wireless sensor network (WSN) characterizes a mobile wireless sensor network (MWSN) [1, 2] . An MWSN has a dynamic topology, and for this reason it poses a series of restrictions to the system design, for instance as concerns routing and medium access control (MAC) protocols. Additionally, the communication links may become unreliable as the components of the network move, bringing restrictions to the design of strategies for quality of service (QoS) control. Moreover, determining the optimum location of the sink nodes for maximum energy efficiency becomes a quite involved problem in mobile networks. Nonetheless, mobility brings not only problems and restrictions to the MWSNs. It can be explored to improve coverage, to increase the network lifetime and to handle energy control [2] . Energy management is another important issue to be considered, since most of the sensor networks have their lifetime (or lifespan) increased if the limited energy residual to the sensor nodes can be saved somehow.
The applications for MWSNs include those of traditional WSNs, viz. environmental monitoring, military surveillance, smart homes, health monitoring, manufacturing control, vehicle tracking and other telematics applications. Specific MWSN applications are, for instance [2] : mobile phones acting as sink nodes to gather information from sensors placed anywhere, in applications related to smart transportation systems, security, social interaction, health, wildlife monitoring, and so on. A potentially
Contributions and Structure of the Paper
This paper also deals with the problem of maximizing the lifetime of a mobile wireless sensor network and focuses on the energy spent during the task of communication among sensor nodes or between sensor nodes and sink nodes. It presents a novel convex optimization-based procedure (or method) that controls what we define as the communication activity levels of the sensor nodes, by dynamically assigning a number of time or time-frequency slots for communication with the sink nodes within a frame. The optimization concentrates on the communication task, since this is the most energy-consuming process of a sensor node [18] . Autonomous sensor node mobility is not considered here, since in this specific case large energy consumption would result from the mechanisms that produce mobility, as for instance in robots. Node movement can happen in a non-autonomous fashion, as for example when sensor nodes are attached to vehicles, animals, soldiers in the battle field, deployed in the sea, and so on. In all of these cases, the communication task will indeed consume most of the energy. In order to confer even more challenge to the problem solution besides mobility, it is assumed that the sensor network may adopt a wireless power transmission technique for battery recharging. The main attributes of the proposed method are:
• To the best of our knowledge, it differs from any previous one in the literature. The main novelty resides in the form of saving energy and in the formulation and solution of the corresponding optimization instance.
• It is flexible, allowing for the control of the periodicity in which the optimization tasks are performed, according to the sensor nodes' mobility speeds: lower speeds require less frequent optimizations. • It also allows for a flexible control over the trade-off between equalizing the sensor nodes' energy consumptions to make them die altogether and minimize the wasted (not used) energy, or relaxing on the energy consumptions in favor of longer lifetimes by means of bursty transmissions followed by silent periods. When the equalization of energy consumptions is privileged, the communication with the sink node is frequent and avoids the waste of bandwidth caused by the bursty transmission mode when there is not enough data to send to the sink node. The frequent communication also avoids the storage of a high amount of sensory data until the next transmission is allowed in the bursty communication mode.
• It is simple, though fully consistent with well-known guidelines for the design of lifetime optimization algorithms reported in the literature.
• It performs closely to or better than a greedy algorithm recently proposed in the literature and strictly developed under the above-mentioned guidelines, with the advantage of not requiring the real-time channel state and residual energy information needed by the greedy solution.
•
The reported results show that the optimized network can achieve substantially longer lifetimes when compared with the non-optimized one.
The remainder of the paper is organized as follows: Section 2 presents the problem statement and formulation. In Section 3, the corresponding solution via convex optimization is given. Numerical results and discussions concerning the performance of the proposed solution are reported in Section 4. Section 5 concludes the paper and gives some directions for future research.
Problem Statement and Formulation
We consider an MWSN consisting of a number of sensor nodes whose communication tasks are controlled by a sink node or any other central node in a time-frequency-division basis. Figure 1 illustrates a possible topology adopted for the MWSN. The sensor nodes that can be directly controlled are those inside the sink node coverage area. Nonetheless, indirect control of all sensor nodes or a large portion of them can be achieved by means of multi-hop communication. Our lifetime optimization approach applies to both situations, but in the second one it must be combined with some suitable routing protocol.
When multiple hops are considered, two well-known network architectures can be defined, namely [21] : flat ad hoc and hierarchical ad hoc. Under the flat architecture, sensor nodes relay each other's data to the sink node, whereas in the hierarchical architecture cluster heads send to the sink node the aggregated data from clustered sensor nodes. When direct communication with a mobile sink node is considered, it is said that the network is working under the SENMA (sensor network with mobile access) architecture.
Although many existing WSN protocols also handle routing to improve the network lifetime [11, 23, 24] , here we consider the SENMA architecture so that the performance of our optimization approach can be decoupled from any routing protocol that could be working in parallel. Nonetheless, the potential lifetime improvements brought by our method can be assessed without loss of generality. A similar architecture is considered for instance in [25] , and fits in applications such as intelligent transportation, environmental surveillance and wild life monitoring. The decoupling between the lifetime improvement method and routing is also considered in [21] . The sensor nodes, the sink node or both are allowed to move and, as a consequence, the distances from the sensor nodes to the sink node vary, thus varying the energy consumption during communication.
The sensors use batteries that cannot be replaced, but in our model they are supposed to be sporadically charged by means of a wireless power transmission from a charge node (which can be the sink node itself). It is assumed that each sensor node spends most of its energy during communication events with the sink node. We associate the term activity level to the amount of time or time-frequency resources allocated to these events. Since the communication process is typically organized in frames (or superframes) and each frame is divided into time or time-frequency slots, then the activity levels will define the fraction of slots in a frame that each sensor is allowed to use for communication purposes. Due to the node mobility, the problem is to determine dynamically the optimum activity levels assigned to the sensor nodes so that the network lifetime is maximized. In this context, the proposed sensor node activity optimization model can be in principle applied to any wireless sensor network that employs slotted operation, especially those that employ a centralized manager to maintain the network schedule, e.g., WirelessHART [26] , ISA100.11a [27, 28] and IEEE 802.15.4e [29, 30] .
Before the presentation of the lifetime optimization method, some parameters, variables and the system model need to be defined:
• As depicted in the frame structure shown in Figure 2 , an optimization event k = 1, 2, . . . , K spans F frames indexed by f = 1, 2, . . . , F, meaning that a lifetime optimization event acts on groups of F frames. The number of time or time-frequency slots in a frame is defined to accommodate the planned number of sensor nodes in the network. We call F the optimization span. Low mobility or fixed WSNs will demand less frequent optimization events, i.e., large F, whilst WSNs with high mobility nodes will need frequent optimizations, i.e., small F or even F = 1.
•
The value of KF is associated with the interval of analysis corresponding to KF frames indexed by t = f + (k − 1)F = 1, 2, . . . , KF, and represents the time over which the network is in operation. In a real network, the parameter KF is not specified, in this case being determined by the network lifetime. The value of KF, though, can be determined by the network administrator so that the optimization ceases at a desired moment while the network is fully operative.
The number of sensor nodes is denoted by N, and they are indexed by n = 1, 2, . . . , N. A single sink node is assumed.
The energies in the sensor nodes' batteries associated with the k-th optimization event, k = 1, 2, . . . , K, are given by the residual energy matrix
, with s 1 (1) being the vector with the initial energies stored in the batteries. After the action of the k-th optimization event, the residual energy values in the vector s F+1 (k) become the initial energies for the next optimization event, that is
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The activity level matrix is defined by
, with x f (k) 0 and 1 T x f (k) = 1, where represents component-wise inequality, 1 is the all-one N-dimensional vector, and the superscript T denotes transposition. This matrix contains the activity levels assigned by the k-th optimization event to all sensor nodes in the f -th frame within the optimization span. If, for instance, an element X n, f (k) of the activity level matrix is 0.1, this means that the n-th sensor node can occupy up to 10% of the slots during the f -th frame pertaining to the k-th group of F frames. The amount of energy consumed by the sensor nodes is proportional to the assigned activity levels and depends on the channel conditions between the sensor nodes and the sink node. These channels conditions, in turn, depend on the relative position of each sensor node with respect to the sink node, which is assumed to be unknown. This is important in practice, since channel estimation is a computationally costly process that contributes with the increase of the energy consumption and of the system complexity.
• If the maximum activity level of one is assigned to the sensor nodes, the energies that they are expected to spend during the transmissions of F frames are represented by the maximum consumption matrix
∈ R N×F , with B(1) denoting the expected maximum consumption during the first F frames. Then, during the k-th block of F frames, the energies that are expected to be consumed by the sensor nodes are given by B(k) • X(k), where the symbol • denotes the Hadamard product (element-wise multiplication). The elements of B(k) in practice will depend on the sensor nodes' characteristics and on the distances and channels between the sensor nodes and the sink node. • It is assumed that the estimated consumption during the first F frames is constant, yielding
. This means that transmissions during the first frame are assumed to be done before the sensor nodes start moving. These first transmissions do not need to carry useful sensory information, being used to correctly update the energy consumption for the next optimization event. In fact, there is no reason for having
This would be impractical, since it would demand the prediction of the nodes movement during the first F frames. Then, if the sensor nodes positions are known at the initial deployment of the network, b 1 (1) can be estimated by means of simple link budgets. The transmit powers considered in this estimation are those enough for producing the target error probability at the sink node (the calculations regarding this link budget are exemplified in Section 4.1.4). Alternatively, the elements of b 1 (1) can be, for instance, the energy consumptions calculated from an average expected distance between the sensor nodes and the sink node. The subsequent maximum consumption matrix is computed based on the energy consumed by the sensor nodes during the previous F frames, taking into account past battery recharges and mobility.
• The recharge matrix is defined as R(k) = [r 1 (k), r 2 (k), . . . , r F (k)] ∈ R N×F , with r f (k) representing the amount of energy delivered to the sensor nodes' batteries during recharge. In practice, the instants of recharge and the amount of charge transferred to the sensors' batteries will depend on the energy harvesting method and the associated technology. For instance, recharge can occur very frequently if the energy harvesting is from a continuously-transmitted radio-frequency (RF) signal, opportunistically in the case of solar energy harvesting, or defined according to when and how often a recharging device passes through the network transmitting RF signals for the specific purpose of RF power delivery. As a case study, here we consider that recharge is achieved by means of RF energy transmission in the f -th frame of the k-th block of frames. In this case, it is reasonable to assume that R(k) is a sparse matrix, since in practice this type of recharge event is sporadic. This means that r f (k) = 0 for the majority of f and k, where 0 is the all-zero N-dimensional vector. We assume that recharge occurs at a single instant t = t r during the interval of analysis, meaning that the indexes of the recharge vector r f (k) will be the single pair of positive integers f and k that satisfy t r = f + (k − 1)F. We define the auxiliary parameter r r , which is the fraction of the maximum stored energy max{s 1 (1)} that limits the recharge energies, that is r f (k) r r max{s 1 (1)}. To mimic possible different recharge energies applied to the sensor nodes' batteries, we set the elements of r f (k) uniformly distributed in [0, r r max{s 1 (1)}]. A more realistic model for RF energy transmission and recharge is by far more intricate and complex than the model just described, but the proposed simplification suffices for the purpose of lifetime analysis, without loss of generality.
•
In practice, each row of the maximum consumption matrix B(k + 1) that will be used as input to the (k + 1)-th optimization event is formed at the sink node (or other central node) by the element-wise division between the actual energies consumed by the sensor nodes during the k-th block of F frames and the corresponding activity levels (recall that each element of the maximum consumption matrix contains the energy consumption of a sensor node when its activity level is one). The energy consumption comes from the residual energy and recharge level that can be measured by each sensor node and reported to the node where the optimization problem is solved to be applied to the next F frames. For now, assume that the sensor nodes fully use their activity levels assigned by the k-th optimization event. Then, the residual energies in their batteries at the end of the ( f + 1)-th frame are the residual energies at the end of the f -th frame minus the energy consumption, plus possible recharge, yielding
Then, the f -th column of B(k + 1) can be computed according to
where s f (k) and r f (k), f = 1, 2, . . . , F, are the information on residual energies and recharge that is sent by the sensor nodes to the central node.
• However, it happens that the actual energy levels may wander due to the combined effects of node mobility, activity levels assigned and not fully used, and variations in the sensor node operation, for instance caused by state changes or by different processing needs depending on the sensed physical phenomena. Figure 3 illustrates possible evolutions of the actual residual energy s n, f (k) from the f -th to the ( f + 1)-th frame within an arbitrary block of F = 5 frames, for the arbitrary n-th sensor node during the k-th block, assuming fixed activity levels and identical residual energies at f = 1. From this figure, the random nature of the energy consumption of a sensor node is apparent, even if a fixed activity level is assigned to it. Figure 3 . Pictorial representation of a net random energy consumption during the k-th block of F = 5 frames for the n-th sensor node.
• From above, each row of the maximum consumption matrix can be formed from correlated values of a random variable that will simulate variations in the residual energies as illustrated in Figure 3 .
The correlation level will determine the rate of variation in the energy consumptions from one frame to the next due to the previously-described combined effects. Specifically, let the auxiliary parameters B min and B max denote the minimum and maximum energy consumptions if the sensor node transmitter is on during the whole interval of a frame (which only happens if its activity level is one), when positioned at minimum and maximum distances from the sink node, respectively. Then, to mimic sensor nodes deployed at random positions, yielding different distances from the sink node and, thus, different consumptions, the elements of
A larger ratio N/B max implies less sparse sensor nodes with respect to each other, i.e., a more dense network. The correlation coefficient between the energy consumptions in two consecutive frames is denoted by ρ. As an example, Figure 4 shows two realizations of the maximum consumptions of five sensor nodes under two values of ρ. The method adopted for generating the correlated uniform random variates shown in this figure is from the [31] (Chapter 7) and [32] , assuming a triangular correlation function to guarantee the same correlation coefficient between the consumptions during any two neighbor frames. A low mobility network is represented in the graph (a) of this figure, whilst a relatively higher mobility is considered in the graph (b). In this last case, notice from the dashed line that the maximum consumption of a sensor node goes from B max to B min within 10 frames, which represents a quite large node speed in practice, despite the apparently high value of ρ. • It is defined that the lifetime of a network is the time interval during which all sensor nodes are in full operation. In other words, the instant at which the first sensor node fails with high probability (does not work properly) or fails permanently (ends its operation or die) due to insufficient energy will determine the network lifetime. This definition has been adopted in several references, as for instance in [13, 21, 23, 24, [33] [34] [35] [36] [37] . The value of t at which the residual energy of any sensor node of the network becomes less than or equal to a given fraction of its maximum stored energy max{s 1 (1)} is defined as the death instant, t d , and the corresponding residual energy is defined and the death energy s d . The death energy is a sensor-dependent parameter that relies on the characteristics of the battery and on the battery voltage level in which the sensor node starts to fail in accomplishing part or the totality of its functions. Examples of practical voltage levels related to failures can be found for instance in [37] . It is worth emphasizing that the failure-related voltage level (which could be called death voltage) is related to the death energy, though the conversion between theses quantities is not straightforward. 
Problem Solution
A question is worth answering, before presenting the problem solution: what is expected from an effective network lifetime optimization process? According to the guidelines reported in [21] , one must strike a balance between the minimization of the wasted energy, which is the unused residual energy at the network death moment, and the minimization of the energy spent to report the sensory information to the sink node. The authors of [21] complement their guidelines by indicating that this can be accomplished by exploring channel state information (CSI) and residual energy information (REI). However, one must recall that estimating the CSI would render more complex devices and additional energy consumption. In the approach described in what follows, non-real-time REI is explored, and the CSI is not, conferring to it a simpler implementation.
In the optimization strategy proposed in this paper, the energy balance is achieved by dynamically controlling the communication activity levels of the sensor nodes in a constant attempt to trade two goals: (i) make all sensor nodes consume the same amount of energy during communication, thus making them die together and yield the least possible wasted energy; (ii) prioritize longer lifetimes by relaxing on the equalization of energy consumptions to allow for bursty transmissions followed by silent periods. When the equalization of energy consumptions is privileged, the lifetime improvement is penalized. However, the communication with the sink node is more frequent, thus avoiding the waste of bandwidth caused by the bursty transmission mode when there is not enough data to send to the sink node at the very moment that it is allowed to transmit, yet avoiding the storage of a high amount of data until the next burst transmission is permitted in the bursty operation mode.
Then, in each optimization event, the objectives are to minimize the residual energies so that the unused energy is minimized and to minimize what we call the discounted residual energies. These discounted energies are formed by subtracting the potential maximum energy consumptions of the sensor nodes from their residual energies. As a consequence, higher residual energies combined with lower potential consumptions (better channels) will force the optimization to assign high activity levels, i.e., the corresponding sensor nodes will be granted burst-like transmissions. On the other hand, low residual energies combined with high potential consumptions (bad channels) will be associated with very low activity levels, i.e., the corresponding sensor nodes will be practically inactive while this situation remains.
Mathematically, in the k-th optimization event, a bi-criterion optimization problem is established in which the objective function is formed by the weighted sum of two objective functions, that is,
The variables of the optimization problem are the columns s f (k) of the residual energy matrix S(k) and the implicit activity levels, which are the columns x f (k) of the matrix X(k). The roles of the weights w 1 ≥ 0 and w 2 ≥ 0 are as follows: when w 1 /w 2 > 1, the optimization acts in favor of equalized residual energies at the cost of reduced lifetime improvements; on the other hand, when w 2 /w 1 > 1, the optimization tends to assign high activity levels to nodes with better channels and high residual energies, sometimes even disabling those under bad channels and having low residual energies, thus bringing the possibility of larger lifetime improvements. Assuming that the sensor nodes are deployed uniformly in the area of interest, when the number of sensor nodes is small, also small is the number of them in conditions to be assigned with low-consumption bursty transmissions (good channels and high residual energies), implying that w 2 /w 1 > 1 will not bring advantage over w 1 /w 2 > 1. In other terms, when N is small, say N < 30, there is practically no difference between the lifetime improvements achieved by privileging equalized consumptions or by privileging bursty transmissions. In this case, total flexibility is given to the choice of the weights w 1 and w 2 . When N is large, say N > 80, the number of nodes in conditions to be assigned with low-consumption bursty transmissions increases, implying that w 2 /w 1 > 1 will bring advantage over w 1 /w 2 > 1. In this case, then, we must have w 1 = 0 and w 2 = 1, unless we can live with the lifetime penalty brought when the equalized consumptions are of more importance. For a moderate number of sensor nodes, say 30 < N < 80, we have found that a good trade-off is achieved with w 1 = 1 and w 2 = 2. Numerical results shown in Section 4 confirm these statements.
Notice that, from the perspective of a mathematical optimization problem, any pair of w 1 and w 2 will yield optimum solutions. By varying them, a Pareto optimum frontier [38] (p. 57) will be established, unveiling the typical losses and gains of a trade-off analysis.
At the k-th optimization event, the following constraints must be satisfied while minimizing the objective function defined in Equation (3): •
The activity levels must be non-negative, i.e., x f (k) 0, f = 1, 2, . . . , F, meaning that the smallest number of slots assigned to a sensor node is zero.
•
The activity levels assigned to the sensor nodes in a given frame must add to one, i.e., 1 T x f (k) = ∑ N n=1 x n, f (k) = 1, with x n, f (k) being the n-th element of x f (k). This constraint is consistent with the definition of the activity level as the assigned fraction of the slots in a frame. The effect of this constraint is the guarantee of not penalizing the throughput while the optimization attempts to minimize the residual and discounted residual energies in the objective function defined in Equation (3).
•
The optimization computes the activity levels and the residual energies based on past maximum energy consumption information, that is, the residual energies available to the ( f + 1)-th frame, are the residual energies at the end of the f -th frame minus the energy consumptions during the f -th frame. Then, based on Equation (1),
Notice that the maximum consumptions to be used as input data to the subsequent optimization event come from the actual information on past residual and recharge energies.
Putting it all together, for each optimization event k it must be solved the optimization problem
This is a convex optimization problem, since the max function is convex [38] (p. 72), and the nonnegative weighted sum of convex functions is also convex [38] (p. 79). The optimization problem (4) can be easily converted into a linear optimization problem, usually referred to as a linear program (LP) [38] (p. 146), by means of its epigraph [38] (p. 134) form
It is worth mentioning that an LP is the most simple form among all convex optimization problems and that algorithms for its solution have matured to the point of providing extremely accurate results in a very short processing time. In the present case, even large values of N will not represent a limiting factor for accurate and fast solution of problem (4) or (5). Real-time convex optimization [39] approaches could be applied and embedded in digital signal processors if frame time requirements of the specific application become stringent. Nevertheless, the optimization problem (4) or (5) is meant to be solved for each k in a central node with more processing power than an ordinary sensor node.
The optimization variables obtained from the k-th optimization event are the activity level matrix X(k) = [x 1 (k), x 2 (k), . . . , x F (k)] to be assigned to the sensor nodes and the predicted (not necessarily actual) residual energy matrix
The input parameters are the number of sensor nodes, N; the optimization span defined by F; the initial energy levels of the batteries, s 1 (1); and the estimated maximum consumed energies in the first F frames,
The maximum consumption matrix that will be used as input to the event k + 1 is updated using Equation (2), from the assigned activity levels and actual residual and recharge energies associated with the k-th block of F frames. There are two options for updating this matrix: each of its rows is computed by each sensor node and reported to the central node or the entire consumption matrix is computed at the central node from the residual and recharge information reported by the sensor nodes.
Algorithm 1 synthesizes the steps for optimizing the activity levels of the sensors nodes with the purpose of increasing the network lifetime. The last step of the algorithm is meant to indicate that the activity levels must be converted into a fraction of slots in a frame, this fraction being subsequently assigned to the sensor nodes by means of a proper scheduling or equivalent resource allocation algorithm. Assign time or time-frequency slots to the sensor nodes according to the activity levels in X(k). end for
Numerical Results
For all cases analyzed in this section, the optimization problem (4) was solved using the CVX, which is a system that works under the MATLAB environment for modeling and solving convex optimization problems [40] . The MATLAB-CVX code developed to generate the results shown hereafter is given in the Appendix.
For all results presented in this section, the initial energy in the sensor nodes' batteries, the energy consumptions and sporadic battery recharge values are not actual ones, but scaled so as to anticipate the network death with respect to a real one, thus preventing the simulations of lasting prohibitively large intervals. Such a scaling has been also adopted for instance in [21] , and though it changes the absolute lifetimes, it does not affect the conclusions regarding relative lifetime improvements or comparisons.
The results regarding the non-optimized network were obtained by setting identical equivalent activity levels X n, f (k) = 1/N to all sensor nodes during the whole interval of analysis, with X n, f (k) being the element in the n-th row and f -th column of the equivalent activity level matrix X (k) associated with the k-th block of F frames. Notice that these activity levels are nothing more than the average of the activity levels of all sensor nodes, which add up to one, during all optimization events up to the death instant of the network. As a consequence, the sensor nodes' residual energies in the non-optimized network vary as determined by the their consumptions computed according to X (k)B(k), with B(k) being the same maximum consumption matrix considered in the optimized network.
Influence of System Parameters
The effects of system parameters on the performance of the proposed lifetime optimization method are analyzed in this subsection. For the sake of a clear visualization of the results in the graphs, firstly a small number of sensor nodes is considered, i.e., N = 10. Larger numbers of nodes are analyzed subsequently. Whenever a normalized energy value is called, it means that its value was normalized with respect to the maximum stored energy in the sensor node's battery, i.e., S max . When it is stated that a single realization of random consumptions was adopted, it means that the maximum energy consumptions of the sensor nodes were generated for the whole interval of analysis according to the correlation coefficient ρ and the limits B min and B max and stored to be reused under different configurations of the system parameters. The death energy was set to 5% of S max . In practice, this relatively low percentage death energy corresponds to a high percentage of the nominal battery voltage associated with the death voltage [37, 41] . For example, when the sensor's battery voltage level is still at a high percentage of its nominal value, say 70%, the energy remaining in the battery is a low percentage of the maximum, say 5% or less [41] . Figure 6 shows the residual energies attained with the proposed optimization method under different weights in the objective function defined in Equation (3), namely (w 1 , w 2 ) = (1, 0) (a), (w 1 , w 2 ) = (0, 1) (b) and (w 1 , w 2 ) = (1, 2) (c). The non-optimized network is considered in all graphs for reference. We have set N = 10, K = 400, F = 1, ρ = 0.98, no recharge, B min = 0.001, B max = 1, and identical initial energies s 1 (1) = S max × 1, with S max = 10. A single realization of the energy consumptions was adopted. In the majority of graphs from here, for the sake of clarity we intentionally did not use lines with symbols; only colors were used to identify different sensor nodes.
Effect of the Objective Function Weights
From the graph (a) of Figure 6 , it can be inferred that all sensor nodes are allowed frequent communication with the sink node in a way that they spend approximately the same amount of energy as time elapses, that is, nodes will die altogether. Moreover, the unused residual energies at the network death moment, i.e., the wasted energy, is minimum due to the equalized consumptions. As will be shown ahead, for F > 1, smaller ρ or both, the adoption of (w 1 , w 2 ) = (1, 0) would not equalize the consumptions precisely, yet reducing the network lifetime. This is due to the use of past information to optimize the current block of F frames: lower correlations combined with longer blocks represent past information less reliable with respect to the moment when it is used.
From the graph (b) of Figure 6 , which considers (w 1 , w 2 ) = (0, 1), it can be observed that the optimization allows for burst-like transmissions combined with silent periods and continuous transmissions. The burst-like transmissions correspond to steep changes of the residual energies, whilst the intervals during which the residual energies do not change are associated with disabled (silent) nodes. Notice that this form of weighting achieves an increased network lifetime with respect to (w 1 , w 2 ) = (1, 0). As will be demonstrated later on in this paper, this effect is even more pronounced when the number of sensor nodes is larger.
In the graph (c) of Figure 6 , the weights applied to the objective function were (w 1 , w 2 ) = (1, 2), resulting in a mixed situation in which consumptions are not perfectly equalized anymore and only some small burst-like transmissions and silent periods occur. No penalty and no improvement is observed in the network lifetime with respect to the one achieved when (w 1 , w 2 ) = (1, 0), which happens for a moderate to small number of sensor nodes. If N is large, both (w 1 , w 2 ) = (1, 0) and (w 1 , w 2 ) = (1, 2) would bring a lifetime penalty, which will be smaller for (w 1 , w 2 ) = (1, 2) .
In all situations considered in Figure 6 , the lifespan improvements were equal to or greater than 375/115 ≈ 3.27 times. Even larger lifetime records and, thus, lifetime improvements can be unveiled as the system parameters are chosen such that the network death occurs later, as for instance if the initial energy is increased while the consumptions are kept unchanged, if the consumptions are decreased for the same initial energy or if the number of sensor nodes is increased. This happens because the slopes associated with the residual energies in the optimized and non-optimized networks become more separated from each other as t increases. Then, in a real network in which the expected lifetimes are much higher than those simulated here, one might expect considerably larger lifetime improvements achieved with the proposed method. Another relevant conclusion obtained from Figure 6 refers to the fact that the energy levels tend to be more continuous when (w 1 , w 2 ) = (1, 0) and more step-like when (w 1 , w 2 ) = (0, 1). In the former case, it means that the sensor nodes are frequently having some opportunity to transmit their sensory data to the sink node, whereas in the later case some sensor nodes must remain silent during some intervals that can be relatively long. Figure 7 presents the activity levels assigned to the sensor nodes with respect to the residual energies shown in Figure 6 . In general, those nodes that have low residual energy, are far away from the sink node or both are assigned smaller activity levels than those that are close to the sink node and have high residual energy. For example, observe that the sensor node identified with circles is assigned high activity levels around t = 60 and t = 180, meaning that it is under the combination of a good channel condition and enough residual energy around these intervals. . Activity levels assigned by the proposed optimization method respective to the situations considered in Figure 6 , i.e., (w 1 , w 2 ) = (1, 0) (a); (w 1 , w 2 ) = (0, 1) (b); and (w 1 , w 2 ) = (1, 2) (c).
Effect of the Optimization Span and Node Mobility
The optimization span F was defined in the proposed model to trade the frequency of the optimization events and the mobility speed of the sensor nodes, the sink node or both. Recall that a higher mobility speed can be simulated by reducing the correlation coefficient ρ between the energy consumptions in neighbor frames. The higher the mobility speed, the smaller must be the optimization span. The effects of these two parameters are analyzed simultaneously in this subsection. We consider F = 5, F = 10 and F = 20 to complement the results already presented for F = 1. We consider ρ = 0.98 to represent a network with moderate-to-high mobility nodes and ρ ≈ 1 to represent a fixed network (see Figure 4 and the related comments). In the former case, to keep consistency with previous results, we have used the same single realization of the consumptions throughout the KF frames. In the latter case, we have coined another realization of such consumptions with ρ = 0.999999 and reused it. Equal initial energies s 1 (1) = S max × 1, with S max = 10, B min = 0.001, B max = 1, and no recharge were assumed. Without loss of generality, we have chosen (w 1 , w 2 ) = (1, 0), N = 10 and KF = 400 so that the effects of interest are clearly seen in the corresponding graphs. Figure 8 shows the results obtained by considering different optimization spans and correlation coefficients. Comparing the results for ρ = 0.98, one can conclude that an increase in the optimization span produces an expected performance degradation, i.e., smaller lifetime improvements. This is due to the fact that past information on residual energies produces estimated consumptions progressively less correlated with the current ones as F increases. Comparing these results with the graph (a) of Figure 6 , in which the death moment of the optimized network occurred around t = t d = 375, we have now death instants around t d = 370 for F = 5, t d = 350 for F = 10 and t d = 300 for F = 20. Now, observing the graph (d) of Figure 8 , which considers fixed sensor nodes, it can be noticed that the lifetime does not change with F. Consequently, a few optimization events during the network operation would suffice to account for the variabilities in the energy consumption with respect to the one predicted by the optimization due to causes other than mobility, as for instance unused activity levels, sensor node state changes, different task-dependent processing burdens and the like. 
Effect of Recharge and Unequal Initial Energies
Without loss of generality, the effect of recharge and unequal initial energies can be separately analyzed from the single realization of the consumptions used before and an optimization span F = 1. Again, we have used N = 10, K = 400, B min = 0.001, B max = 1 and ρ = 0.98. Figure 9 shows some results assuming normalized (with respect to S max ) initial energies equally spaced in [0.8, 1] and a single recharge at t = t r = 200, with normalized recharge values equally distributed in [0, 0.2]. These equally-spaced energies were adopted to facilitate visualization in the graphs. From this figure, the expected lifetime reduction produced by initial energies smaller than the maximum can be noticed, combined with the expected lifetime improvement achieved due to recharge, no matter the weights of the objective function. Nonetheless, the most important observation comes from the equalization of the consumptions departing from unequal initial energies and the reestablishment of the normal operation of the optimization process after the disruption in the residual energies caused by recharge. Observe that the sensor nodes with less initial energies are kept silent over larger intervals compared to those with larger initial energies, up to the moment when all consumptions are equalized in the case of (w 1 , w 2 ) = (1, 0) or the characteristic operation is reestablished in the case of (w 1 , w 2 ) = (0, 1). A similar behavior occurs regarding the recharge. It is worth highlighting that the effect of recharge only starts to be taken into account by the optimization during the block of frames subsequent to the one in which the recharge event occurred. This is not evident in Figure 9 because F = 1. In Figure 10 , this specific character is demonstrated in terms of the residual energies and corresponding activity levels. To plot this figure, we have adopted F = 20 and the same previously considered realization of the consumptions with ρ = 0.999999. The set of initial energies and recharge values was the same as before, i.e., normalized initial energies and recharge values equally spaced in [0.8, 1] and [0, 0.2], respectively. For convenience, the recharge instant is now at t = t r = 184, that is it occurs sixteen frames before the beginning of the eleventh block of F = 20 frames. From the graph (a) of Figure 10 , a behavior similar to the one identified in Figure 9 can be noticed regarding the unequal initial energies. However, the effect of recharge is now different: notice that after recharge, the sensor nodes maintain their energy expenditures, up to t = 200, as defined by the previous optimization event, that is the discharge rates are the same irrespective of the new energy levels in the sensor nodes' batteries. Only at t = 200 the optimization is aware of the recharge and controls the activity levels so that the consumptions start to be equalized again. The dynamics of the corresponding activity levels are shown in the graph (b) of Figure 10 , from where the large variabilities associated with the adaptation to the unequal initial energies at the beginning of the analysis interval can be noticed and with the re-adaption due to recharge after t = 200. The spikes at each integer multiple of F = 20 in the activity levels are due to the compensation of small variations in the consumptions during the previous block. These variations exist since ρ is not exactly one and tend to diminish as ρ → 1. As already mentioned, in practice such variations will always occur due to causes other than mobility; the spikes in the activity levels demonstrate the action of the optimization to compensate for these variations. Residual energies (a) and activity levels (b) from the proposed optimization method for (w 1 , w 2 ) = (1, 0), with recharge at t = t r = 184 and unequal initial energies. The non-optimized network is also considered on the graph (a) for reference.
Effect of the Node Density
As stated in Section 2, a larger ratio N/B max implies less sparse sensor nodes with respect to each other, i.e., a more dense network. Then, the node density variation can be analyzed by varying N for a fixed B max or by varying B max for a fixed N. Both analyses are made in what follows, demonstrating the scalability of our method.
Before presenting the results, let us elaborate a little bit more on the node density, first defining it as the ratio between the number of nodes and the area where they are deployed. Let d min and d max be the minimum and maximum distances that a sensor node can be from the sink node, respectively. The minimum distance will define B min , and the maximum distance will define B max . Assuming that the sink node wireless coverage is circular and that a sensor node can be at any position within this circular area, then d min = 0 and d max is the radius of the coverage area. Thus, the node density, in nodes per square meter, can be defined as
In practice, the energy consumption will be proportional to the transmit power necessary for a target error rate in the received data at the sink node, which in turn will depend on the physical layer specifications. Assume that this target error rate is achieved if the received signal power at the sink node is P target . From the log-distance path loss model [42] (pp. 199-202),
where
is a reference power at a close-in reference distance d 0 from the sensor node transmitter, η is the environment-dependent loss exponent and d is the distance of analysis. Typical values of η range from two in the free-space propagation scenario to four or even more in obstructed areas. The energy consumed by a sensor node at a distance d from the sink node will be proportional to
, that is it will be proportional to (d/d 0 ) η P target . Given that P target is constant and assuming d 0 = 1 meter without loss of generality, then the energy consumption of a sensor node located at a distance d from the sink node will be proportional to d η . More specifically,
where C is a hardware-dependent and battery-dependent proportionality constant that accounts for the proper conversion from transmit power into consumed energy. From this result, we see that d max is proportional to B 1/η max . With this result in Equation (6) , it can be concluded that
Assuming η = 2 for simplicity, then the network density can be multiplied by any factor, multiplying N or dividing B max by this factor.
In Figure 8 , B min = 0.001, N = 10 and B max = 1 have been considered, yielding a node density D ∝ 10. Obviously, in a real network, the actual density will be typically smaller than 10 nodes per square meter, meaning that the above proportionality is typically smaller than one. Moreover, one must recall that we have rescaled the energy values to anticipate the network death, which is consistent with such a high node density. Figure 11 shows the residual energies as produced by the proposed method with a 10-fold increase in the node density with respect to the one considered in the graph (b) of Figure 8 , which has been chosen as representative for the present analysis. The graph (a) of Figure 11 considers B min = 0.001, N = 10 and B max = 0.1, i.e., D ∝ 100, whereas the graph (b) considers N = 100 and B max = 1, also yielding D ∝ 100. From these results, the scalability of our method is demonstrated, and it is illustrated that the network lifetime increases as the number of nodes is increased or their energy consumptions are decreased. To plot the results in Figure 11 , we have used two independent realizations of the sensor nodes consumptions during the corresponding interval of analysis. The non-optimized network is also considered for reference.
Performance Comparisons
In this subsection we compare our lifetime optimization method with the so-called greedy algorithm from [21] . No recharge is assumed, as required by the greedy algorithm. In this algorithm, which is the best among those analyzed in that paper, the balance between minimizing the wasted energy and minimizing the energy spent to report the sensory information to the sink node is achieved by means of exploring both channel state information and residual energy information in real time. The net result is that each sensor node is allowed to transmit in bursts under the control of the sink node (or other central element), while the remaining nodes stay silent. The energy consumptions of the nodes thus vary in sharp steps, but in such a way that the overall energy is saved on average, prolonging the network life.
The greedy algorithm works as follows: the sensor node exclusively selected for transmission at a given moment is the one with maximum energy-efficiency index [21] γ n = e n − E r (c n ), (10) where e n is the residual energy in the sensor node n at the beginning of a transmission and E r (c n ) is the required reporting energy as a function of the channel gain c n from the n-th sensor node to the sink node. Adapted to our notation, E r (c n ) corresponds to the element B n, f (k) of the maximum consumption matrix B(k) at each k and f . The residual energy e n starts with s n,1 (1), i.e., the initial energy in the n-th sensor battery, and is updated for each k and f according to energy expenditure provided by the greedy algorithm, that is e n ← e n − X n, f (k)B n, f (k), with X n, f (k) being the activity state, which is one for n = arg i max γ i , and zero otherwise. From this formulation, it is evident that the greedy algorithm uses current (real-time) channel state information c n and residual energy information e n , whereas our method only uses past residual energy information. Notice that the term activity state is used here in the context of the greedy algorithm only to represent the on (activity state 1) and off (activity state 0) states of the sensor nodes' transmitters as determined by the algorithm, thus establishing consistency with the term activity level defined in this paper. Figure 12 shows the residual energies (a) and corresponding sensor nodes' activity states (b) obtained from the greedy algorithm of [21] . As in the case of Figures 6 and 7 , to plot Figure 12 we have also adopted K = 400 optimization events, each one spanning F = 1 frame; N = 10 sensor nodes; identical initial energies s 1 (1) = 10 × 1; no recharge; death energy equal to 5% of the maximum; correlation coefficient of the consumptions given by ρ = 0.98; and minimum and maximum consumptions B min = 0.01 and B max = 1. Again, a small number of sensor nodes was assumed for not polluting the graphs; higher values of N are considered later on in this section. The same single realization of the random consumption used to plot Figure 6 has been adopted here again. From Figure 12 , one can firstly see the burst-silent communication nature of the greedy algorithm, which happens independently of the number of sensor nodes. Observing the residual energies of the non-optimized network, it can be seen that the node numbered 2 has the steepest energy expenditure during the first 120 frames, implying that it is the farthest away from the sink node, on average, during the corresponding interval. As a consequence, this node was granted with fewer transmissions in this interval, as can be better noticed from the graph (b). On the other hand, sensor node 7, which is closer to the sink node on average, is enabled more times because of its advantageous position up to t = 310. Moreover, notice from the nodes' activity states that sensor node 7 is enabled more frequently around t = 60 and t = 180, which is consistent with the behavior of the proposed optimization method, as depicted in Figure 7 .
Comparing Figures 6 and 12 , one can observe that the lifetime obtained from the proposed optimization method is comparable to or larger than the one achieved with the greedy algorithm. As will be demonstrated ahead, this is true for small N and any w 1 and w 2 , whereas for large N the superiority of our method occurs mainly when (w 1 , w 2 ) = (0, 1). However, the unused residual energies at the network death moment, i.e., the wasted energy, tend to be higher for some sensor nodes in the greedy algorithm than in the proposed method. This higher wasted energy results from some sensor nodes being less frequently activated than others. From the graph (a) of Figure 12 and the graph (b) of Figure 6 , it can be observed that the energy expenditures produced by the greedy algorithm resemble, to a certain extent, the ones provided by our method when (w 1 , w 2 ) = (0, 1). In other words, when (w 1 , w 2 ) = (0, 1) the proposed optimization allows for burst-like transmissions combined with silent periods and continuous transmissions, yielding a net result that can overcome the greedy algorithm, mainly for a higher number of sensor nodes. Larger lifetime records and, thus, larger lifetime improvements are unveiled in favor of the proposed method or the greedy algorithm, as the system parameters are chosen such that the network death occurs later, as for instance if the initial energy is increased while the consumptions are kept unchanged or the consumptions are decreased for the same initial energy. Table 1 shows other results comparing the proposed lifetime optimization method and the greedy algorithm of [21] , as obtained from 200 Monte Carlo events with random maximum consumption matrices. Given the myriad of possibilities in terms of system parameters, we have adopted those that fairly approximate the conditions imposed on our method and the greedy algorithm, mainly with respect to the efficient use of the information available. Specifically, recalling that the greedy algorithm operates under the assumption of knowing the current residual energy and channel state information, we have chosen ρ = 0.98 (see Figure 4) , and small optimizations spans F = 1 and F = 5. By doing so, the past residual energy information used by our method does not exhibit very low correlation with the present one. We have measured the lifetime improvements with N = 10 and N = 100 sensor nodes to assess scalability. Moreover, we have analyzed the two extreme situations in terms of the weights in the optimization problem (4): (w 1 , w 2 ) = (0, 1) is the configuration that produces an operation similar to the one achieved by the greedy algorithm, i.e., burst-like transmissions and larger lifetimes, whereas (w 1 , w 2 ) = (1, 0) privileges the equalized consumptions of the sensor nodes to the detriment of smaller lifetimes. Whenever possible, conclusions are drawn regarding the results that would be obtained if different setups were chosen. Table 1 . Mean lifetimes (in frames), lifetime standard deviations and mean percentage lifetime improvements achieved with the proposed optimization method with different weights and with the greedy algorithm. These metrics are grouped between parenthesis as (optimized w 1 = 1 w 2 = 0; optimized w 1 = 0 w 2 = 1; greedy). A first important conclusion obtained from Table 1 is that larger lifetimes are achieved by the proposed method when (w 1 , w 2 ) = (0, 1), no matter the remaining parameters. The advantage over the greedy algorithm in this case is more pronounced when N is larger, with comparable standard deviations of the lifetimes. When N is small, the performance achieved by the proposed optimization method does not vary too much for different weights w 1 and w 2 , giving to the network administrator full flexibility in terms of the balance between equalized consumptions and burst-like transmissions. As N is increased, the lifetime is reduced if the equalized consumptions are privileged, implying that the burst-like operation achieved with (w 1 , w 2 ) = (0, 1) must be chosen when longer lifetimes is the main concern. Notice, however, that when N is large, the adoption of (w 1 , w 2 ) = (1, 0) reduces the variations of the lifetimes, as demonstrated by the smaller standard deviations mainly in the case of N = 100.
Parameters
Still referring to Table 1 , one can notice that the change from F = 1 to F = 5 did not produce significant performance degradation in our method, no matter the number of sensor nodes. Recall that, for F > 1, past information on consumptions as used by our method become progressively more uncorrelated with the current ones, thus reducing the lifetime improvement efficiency. Then, if results with F > 5 were presented in Table 1 , yet larger performance degradations would be unveiled.
As a final comparison, Figure 13 shows average lifetimes obtained from Monte Carlo simulations of the greedy algorithm and the proposed optimization method for (w 1 , w 2 ) = (1, 0) and (w 1 , w 2 ) = (0, 1), with a variable number of sensor nodes, N. The average lifetime of the non-optimized network is also shown for reference. To prevent simulations from having excessively large durations when N is large, the number of Monte Carlo events was varied linearly from 500 for N = 10, to 50 for N = 100, benefiting from the reduced lifetime variance as N increases (see Table 1 ). For a consistent comparison, we have adopted parameters from [21] adapted to our notation: equal initial energies s 1 (1) = S max × 1, with S max = 5, and B min = 0.01. The maximum energy consumption was empirically adjusted to B max = 5 so that the performance of the greedy algorithm approximated the one reported in [21] (Figure 1) at the limits N = 10 and N = 100. From Figure 13 , it can be concluded that our method attains comparable performances with respect to the greedy algorithm for a small number of sensor nodes. As this number increases, the performance of our method becomes worse than the greedy algorithm for (w 1 , w 2 ) = (1, 0) and superior for (w 1 , w 2 ) = (0, 1). The large lifetime improvements are also evident with respect to the non-optimized network, for any number of sensor nodes and any objective function weights. From the results presented in this subsection, one can conclude that our method is capable of yielding performances comparable to those achieved by the greedy algorithm or even better ones.
The stringent timing requirements regarding the channel state and residual energy information for the proper operation of the greedy algorithm give to our method a two-fold advantage: (i) a relaxed time requirement due to the use of past, instead of real-time information; (ii) the process of gathering energy consumption from the sensor nodes is by far less complex than estimating the channel state.
Another relevant advantage of our scheme when compared with the greedy algorithm of [21] , especially when F > 1, is that some sensor nodes with higher priority data can be prioritized to occupy the time or time-frequency slots before those nodes with lower priority data. This is due to the fact that the activity levels are determined to be applied in the subsequent block of F frames. On the other hand, in the greedy algorithm, a sensor node transmission must be done exactly when the channel is favorable to the enabled node, meaning that it cannot be prioritized.
Time Complexity
The effectiveness of an optimization method is usually measured by the computational complexity of its solution, which unveils the asymptotic processing time growth as the number of dimensions increases. However, the theoretical analysis of this complexity may pose stringent mathematical obstacles, which arise, for instance, due to the theoretical properties of the method, to the way it is implemented, to the choice of the programming language and to the parameter values [43, 44] . This is particularly true in the case of the optimization problem (4): although it is convex, it has no closed form solution, and in our setup it was not solved using an application-specific code developed under a specific optimization algorithm. Instead, it was solved using the package CVX, which relies on the capabilities of the embedded solvers. Nevertheless, in this final subsection we present the results of an empirical complexity analysis by means of running time tests. The results of this analysis cannot be associated with practical processing times in absolute terms, but can give a rough idea of the relative processing time growths of the proposed lifetime improvement solution.
For computing the processing times, we have used the tic and toc MATLAB functions, which provide reliable elapsed time measurements. In order to reduce the effects of randomness, the measurements were averaged over 500 solutions of a single instance of the optimization problem (4), for the number of sensor nodes ranging from N = 50 to N = 1000 in steps of 50 and weighting factors (w 1 , w 2 ) = (1, 0), (w 1 , w 2 ) = (0, 1) and (w 1 , w 2 ) = (1, 1). The measurements were carried out in a Dell computer (Dell, Hortolândia, Brazil) with 2.2-GHz Intel Core i7-3632QM processors running the Windows 7 Professional operating system with Service Pack 1 and the 64-bit MATLAB R2010b (7.11.0.584) version.
For an optimization algorithm that exhibits polynomial time complexity in the number of sensor nodes, i.e., O(N a ), a is the power constant to be determined. We have used a power curve fitting function to find a. The results are summarized in Table 2 , from where one can conclude that the largest time growth is O(N 1.44 ), which shows that our optimization method has a time complexity with a low power constant, meaning that it is tractable enough to be implemented in practice. 
Conclusions and Future Work
This paper presented a novel method for increasing the lifetime of fixed or mobile wireless sensor networks. The method dynamically controls the so-called communication activity levels of the sensor nodes in a way that the fractions of time or time-frequency slots in a frame are optimally assigned to the sensor nodes to communicate with the sink node, at the same time saving energy.
The proposed method uses the solution of a convex optimization problem in which the objective function to be minimized is the weighted sum of the maximum residual energy and the maximum discounted residual energy, where the discount acts in favor of assigning higher activity levels to sensor nodes that have higher residual energies and better channels to the sink node. The net result is a balance between the minimization of wasted energy, the maintenance of throughput and the minimization of the energy spent for reporting sensory information to the sink node.
Since the optimization problem is convex, with the possibility of being transformed into a linear programming problem, mature and fast solvers available in practice can be efficiently applied. An empirical complexity analysis was carried out and unveiled that our optimization method has a time complexity O(N 1. 44 ), meaning that it has potential for implementation in real networks.
Moreover, the proposed method is flexible enough to allow for controlling the frequency in which the optimization tasks are performed, according to the expected mobility of the nodes. Another merit with significant practical appeal of the proposed method is that it only uses past information on the residual energies and possible recharges reported by the sensor nodes, thus not demanding any real-time information.
Comparisons with a greedy algorithm that uses real-time channel state and residual energy information unveiled that the method proposed in this paper is capable of achieving comparable or even superior performances in most of the situations and that it is consistent with solid guidelines for the development of lifetime improvement strategies.
Some interesting investigations that represent opportunities for future work are:
1. The modeling of the communication task through queuing theory and its aggregation to the proposed optimization model is a natural first deployment. From this aggregation, one could analyze the influence of the optimization strategy in the data traffic associated with a realistic network model. 2. The adoption of a mobility model for the nodes is an important step towards the construction of an overall application-dependent lifetime analysis, as this model will have a great impact on the energy consumption pattern of the nodes. 3. The implementation of a real network operating under the proposed optimization method comes next, and here there is room for MAC and routing strategies that might benefit from the method and from possible connections with the Internet of Things (IoT), for instance in light of [45] . 4. The application of the present optimization model to the design of a network level model in order to consider relaying or multi-hop communication is also an interesting point to be considered. This might improve even more the network lifetime by reducing the high energy consumption caused by the communication with distant central nodes in the centralized architecture, but would demand smarter sensor nodes to cope with the protocols associated with multi-hop communication. 5. The optimization strategy proposed here could be analyzed under different criteria for defining the network lifetime, taking for reference those definitions already considered for example in [13, 33] . In this paper, it has been assumed that the network lifetime is the minimum lifetime over all nodes or, equivalently, it is determined by when the first sensor ceases operation. However, it is an application-specific task to determine when a network must be considered nonfunctional. It can be defined, for instance, when a percentage of sensors die or there is loss of coverage for some sensor nodes. 6. The modeling of the batteries' charge and discharge is also a challenging investigation aiming at pushing the network simulation to a more realistic level. Two important aspects must not be forgotten in this modeling: the radio-frequency energy transmission (or other energy harvesting scheme) and the rate capacity effect [18] , which is related to the discharge rate of the battery: drawing higher current than the rated value significantly reduces the battery lifetime and, thus, reduces the network lifetime. Graphene-based batteries [46] are promising devices that can dramatically influence these models and considerably push the network lifetime to unprecedented values.
